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Abstract
International crop-related research as conducted by the CGIAR uses crop modeling
for a variety of purposes. By linking crop models with economic models and
approaches, crop model outputs can be effectively used as inputs into socioeco-
nomic modeling efforts for priority setting and policy advice using ex-ante impact
assessment of technologies and scenario analysis. This requires interdisciplinary
collaboration and very often collaboration across a variety of research organizations.
This study highlights the key topics, purposes, and approaches of socioeconomic
analysis within the CGIAR related to cropping systems. Although each CGIAR
center has a different mission, all CGIAR centers share a common strategy of striving
toward a world free of hunger, poverty, and environmental degradation. This means
research is mostly focused toward resource-constrained smallholder farmers. The
review covers global modeling efforts using the IMPACT model to farm household
bio-economic models for assessing the potential impact of new technologies on
farming systems and livelihoods. Although the CGIAR addresses all aspects of food
systems, the focus of this review is on crop commodities and the economic analysis
linked to crop-growth model results. This study, while not a comprehensive review,
provides insights into the richness of the socioeconomic modeling endeavors within
the CGIAR. The study highlights the need for interdisciplinary approaches to address
the challenges this type of modeling faces.
Abbreviations: APSIM, Agricultural Production Systems Simulator; CGE,
Computable General Equilibrium; CSA, climate-smart agriculture;
DREAM, Dynamic Research EvaluAtion for Management; DSSAT,
Decision Support System for Agrotechnology Transfer; GFSF, Global
Futures and Strategic Foresight; IGRM, International Rice Research
Institute Global Rice Model; IMPACT, International Model for Policy
Analysis of agricultural Commodities and Trade; IPCC, Intergovernmental
1 INTRODUCTION
International agricultural research for development through
the CGIAR focuses on achieving and maintaining global
Panel on Climate Change; RCP, Representative Concentration Pathway;
RT&B, root, tuber, and banana; TOA-MD, Tradeoff Analysis Model for
Multidimensional Impact Assessment.
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food and nutrition security (CGIAR, 2015). The CGIAR is a
global research partnership for a food secure future dedicated
to reducing poverty, enhancing food and nutrition security,
and improving natural resources (CGIAR, 2015). This is
a daunting task because changes in climate, population,
income, and food distribution, among others, make the
efforts to achieve food security solutions challenging (Burke
& Lobell, 2010; Grassini, Eskridge, & Cassman, 2013;
Islam et al., 2016; Robinson et al., 2014). Contributing to
the transformation of dynamic complex agri-food systems
requires a close collaboration between the different actors to
assess these threats and weighing possible solutions using
either multidisciplinary, interdisciplinary or transdisciplinary
approaches as appropriate.
Generating new technologies takes time, whether this
refers to new varieties of key crops or management practices
that improve the sustainability and resilience of farming
systems. Typically, the development of new technologies
takes at least five to seven years, but can easily take much
longer when the issues addressed are more challenging
(Li et al., 2018; Voss-Fels, Stahl, & Hickey, 2019; Watson
et al., 2018; Yigezu et al., 2018). Example of challenging
technologies to develop are C4 rice (Oryza sativa L.) (Lin,
Coe, Quick, & Bandyopadhyay, 2019) and incorporating
biological nitrification inhibition traits in wheat (Triticum
aestivum L.) (Subbarao et al., 2007), research that is currently
a topic of socioeconomic ex-ante impact assessment studies.
Agri-food systems evaluated by the different CGIAR
centers produce a range of products that generate positive
environmental, social, and economic impacts at different
scales (Bobojonov & Aw-Hassan, 2014; CGIAR Independent
Science and Partnership Council, 2011). The socioeconomic
impacts of CGIAR–generated activities can be evaluated and
predicted using different socioeconomic modeling tools such
as foresight analysis of agricultural systems under global
change scenarios and the consequences of potential food sys-
tem and farming system shocks, among others (Godfray et al.,
2016; Komarek, Thurlow, Koo, & De Pinto, 2019; Komarek
et al., 2019; Komarek & Msangi, 2019; Boussios et al., 2019;
Yigezu, Aw-Hassan, Shideed, Sommer, & El-Shater, 2014;
Ates et al., 2018; Frija & Telleria, 2016; Reynolds et al.,
2018). Simulation and scenario analysis (IPCC, 2019; Riahi
et al., 2017) either focus on what the future has in store
for humanity to identify research priorities today or look at
(potential) emerging technologies to assess how they fit into
dynamic complex agri-food systems including the analysis of
the appropriateness of technology for farming systems and
livelihood strategies (Rosegrant et al., 2017).
The objective of this review is to present an overview of
the main modeling activities and the outcomes generated by
different CGIAR centers that combine socioeconomic anal-
ysis, models, and tools with crop modeling or crop modeling
results. In this overview, which is not a systematic review,
we present some key examples and their impacts. Big-picture
modeling goals that could have a positive impact across
research areas, cropping systems, and rural communities,
among others, are presented together with the needs and next
steps to be taken to ensure global food security.
The scope of the work we discuss in this review relates
to modeling efforts related to crops in terms of varieties and
management practices and related policies, interventions, and
institutional change. While we address models that combine
crops and livestock, we purposely ignore models that are
focused exclusively on livestock systems, aquaculture, and
fisheries. We also ignore studies that focus exclusively on
either forestry or plantations.
2 SCOPE AND PURPOSE OF
BIO-ECONOMIC MODELING AT
CGIAR CENTERS
2.1 Foresight versus ex-ante impact
assessment
Very often, strategic foresight and ex-ante impact assess-
ment are used interchangeably. However, we make a clear
distinction between the two concepts. We define these
concepts in the context of international agricultural research
for development.
• Strategic foresight looks at the future and determines what
that means for the type of action we need to take today
in terms of policy making, research priority setting, and
other actions.
• Ex-ante impact assessment looks at how technologies in
the research and development continuum fit into farm-
ing systems, livelihood strategies, and agri-food systems
in general.
The former concept starts in the future and looks back at
the present, whereas the latter projects from the present into
the future. Both approaches involve the definition and use of
scenarios for the assumptions about the future based on major
drivers of change such as population growth, economic devel-
opments, and climate change.
Foresight and ex-ante research within the CGIAR use a
range of interdisciplinary modeling approaches to guide the
technology improvement process in each center. Foresight
evaluation looks at potential system performance, using both
qualitative and quantitative data, in a way that facilitates the
examination of different potential future scenarios because
of major drivers of change and their interactions leading to
rural transformation, urbanization, and food system transfor-
mation. For example, foresight models look at the association
between past and current income and consumption patterns
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and make projections on what to expect in the future under
various policy, institutional, technological, and climate
change scenarios. Ex-ante impact assessment starts from
the present and analyzes the potential futures mainly using
modeling tools. One example of ex-ante assessment can be
the evaluation of how technological and policy changes can
influence the future income of smallholder farmers. Within
the CGIAR the focus is on the farming systems producing
main food crops of resource poor farmers in low- and
middle-income countries where food security is of concern.
Global Futures and Strategic Foresight (GFSF, http://global
futures.cgiar.org/) is a CGIAR-wide initiative led by the Inter-
national Food Policy Research Institute (IFPRI) in which
all 15 CGIAR centers are working together to improve the
understanding of future challenges to agricultural productiv-
ity, food security, and environmental sustainability especially
in developing countries and to explore options to address
these future challenges. At its inception in 2010, GFSF was
funded through the Bill and Melinda Gates Foundation for
five years. Then, the CGIAR Research Program on Policies,
Institutions and Markets and the CGIAR Research Program
on Climate Change, Agriculture, and Food Security have been
funding the initiative for the past five years. Using various
quantitative modeling techniques, the GFSF focuses on eval-
uating the economic viability and biophysical sustainability
of promising technologies in their recommendation domains
globally as well as the associated research investments and
policy reforms. Much of the foresight work carried out in the
context of GFSF is based on a structural modeling approach
since the suite of tools consists of different interlinked models
(more information in Section 3). As of 2019, the collaborative
effort is being renamed the CGIAR foresight team.
The main policy and socioeconomic modeling activities
performed within CGIAR centers are focused on issues such
as scenario development, policy analysis, decision support,
and assessment of potential impacts in general and potential
economic returns in particular. Specific examples, drawing on
the work of the different CGIAR centers, are presented in the
next sections.
2.2 Purpose of using crop modeling
in socioeconomic research
As mentioned earlier, the purpose of doing specific research
is crucial for understanding model choices. The purposes for
using crop modeling in a socioeconomic research context are
varied and include, among other possibilities, research prior-
ity setting, policy analysis, decision support with the scaling
of new technologies, and determining the economic returns of
new technologies. One reason crop models are needed for the
above purposes is that we often do not have enough observa-
tion data from agronomic field trials or farmer surveys of crop
yields under a range of technologies and across a range of bio-
physical environments (with heterogenous soils and weather,
among others), therefore, models allow for a convenient way
to explore a range of scenarios related to crop yields account-
ing for spatial and temporal variability.
Research priority setting draws heavily on foresight anal-
ysis and builds on a long history of studying science under
scarcity especially where it concerns the mid- and long-term
projections that guide decisions concerning prebreeding
strategies and trait discovery decisions. The obvious example
is climate change. By adding an economic component to the
analysis of climate change, the economic and biophysical
effects of climate change on specific crops and technologies
in specific geographies can be assessed. In fact, Petsakos,
Hareau, Kleinwechter, Wiebe, and Sulser (2018) argue that
foresight modeling can add substantial value when setting
priorities for international agricultural research, as it can
quantify the effect of uncertainty on the performance of the
agricultural sector especially related to climate change and
socioeconomic variables such as income and population. The
analysis of climate-resilient crops includes drought-tolerant
rice (Oryza sativa L.) varieties (Mottaleb, Rejesus, Murty,
Mohanty, & Li, 2017), drought-tolerant common bean
(Phaseolus vulgaris L.) varieties (Álvarez et al., 2016),
drought-tolerant sorghum [Sorghum bicolor (L.) Moench]
(Nedumaran, Bantilan, Abinaya, Mason-D’Croz, & Kumar,
2014), drought- and heat-tolerant maize (Zea mays L.) vari-
eties (Tesfaye et al., 2018). Bobojonov and Aw-Hassan (2014)
analyzed the effect of climate change on farm income in cen-
tral Asia, finding that impact can be either positive or negative
depending on situations especially when risk is increased
because of biophysical constraints including climate change.
The effect of potential adoption of new technologies under
climate change is a key topic, which has become even more
relevant with the publication of the latest IPCC report (IPCC,
2019). Examples include the analysis of how climate change
may affect world supply of agricultural commodities and thus
the prices of commodities and therefore also the ability of con-
sumers to afford food (Rosegrant et al., 2014). Other examples
relate to crop yields and food security impact under differ-
ent scenarios of climate change (Islam et al., 2016; Komarek,
Thurlow, et al., 2019; Tesfaye et al., 2018; Chung et al., 2014;
Gbegbelegbe, Chung, Shiferaw, Msangi, & Tesfaye, 2014).
Another purpose for using crop models in socioeconomic
research is to design scenarios to study crop demand, supply,
and trade and is served by coupling economic decision tools
with results from crop models (mainly crop yields). An
example is the analysis of potato supply in India by 2030 by
Scott, Petsakos, and Juarez (2019). Given the predominantly
vegetarian diets in India, the authors show that potato
(Solanum tuberosum L.) production in the country can even
double compared with 2010 under a foresight scenario that
posits rapid economic and technological growth and milder
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climate change assumptions (RCP 4.5 vs. RCP 8.5). Another
study by Hoang and Meyers (2015) analyzed price stabiliza-
tion and impacts of trade liberalization in Southeast Asia rice
markets. The simulation results suggested that the removal
of state trading enterprises in Indonesia, Malaysia, and the
Philippines would lower their domestic prices by as much as
34% but increase the world prices by∼20%. Seck et al. (2013)
simulated future rice supply and demand at the global level.
The authors projected that by 2035, an additional 116 million
t of rice will be required to meet the growing global demand,
of which, around one-quarter demand will be from Africa.
Therefore, to meet this global demand, ∼0.6 t ha−1 more rice
will be required to produce annually without any expansion of
the rice area. Closing yield gaps and expandingmechanization
in rice farming could help achieve this goal (Seck et al., 2013).
Policy analysis is another major purpose for models that
combine biophysical relationships or results of crop models
and economic optimization (bio-economic models). Some of
the policies that can be analyzed are closely related to man-
agement practices such as use of water for irrigation (Yigezu
et al., 2014). Crop modeling combined with economic anal-
ysis can be used to determine of intraseasonal policy actions
related to weather changes needed to induce changes in man-
agement practices within the cropping season (Boussios et al.,
2019) to enhance the effectiveness of the watershed approach
(Nedumaran, Shiferaw, Bantilan, Palanisami, & Wani,
2014) and for resolving land ownership disputes to reduce
deforestation rates and forest-based carbon emissions in
armed-conflict areas (Castro-Nunez, Mertz, Buritica, Sosa, &
Lee, 2017).
Bio-economic modeling is also a useful tool for the ex-ante
impact assessment of planned or contemplated policies. It
allows the analysis of key technological and policy interven-
tions on for instance the socioeconomic wellbeing of rural
households and the natural resources (Nedumaran, Shiferaw,
et al., 2014). It is also used to assess changes in the price of
mineral fertilizer on different household indicators like min-
eral fertilizer demand, land use, crop yield and production,
total calories consumed, household income for smallholder
farmers in central Malawi (Komarek et al., 2017), and
subsidizing crop production costs on land use and household
caloric intake in Sierra Leone (Chenoune et al., 2017).
Bio-economic modeling is also used for food security
assessment. The International Model for Policy Analysis
of Agricultural Commodities and Trade (IMPACT) model
(Rosegrant et al., 2014), which is a partial equilibrium bio-
economic model has also been used for analysis of changes
in food systems and impacts on producers, consumers, and
the environment at different scales (CIAT, 2017). Food
security has four dimensions: availability, access, use, and
stability. Though they have the potential for application at
larger scales, most past applications of bio-economic models
were farm-scale scenario simulations using mathematical
programming like the ones discussed in several reviews
(Janssen & Van Ittersum, 2007; Brown, 2000; Oriade &
Dillon, 1997; Castro et al., 2018).
Another key purpose of bio-economic modeling is deter-
mining the economic returns of new technologies. The wide
range of cases include the following: (a) the analysis of gains
in productivity and economic effects of conservation agricul-
ture in Zambia (Komarek et al., 2019); (b) household welfare
and poverty distribution when relaxing cash constraints and
increasing the off-farm income opportunities in the White-
Volta Basin of Ghana (Nedumaran &Berger, 2009); (c) devel-
oping and disseminating drought-tolerant rice in southern
Asia (Mottaleb et al., 2017); (d) use of biomass-enhancing
technologies {conservation agriculture, maize–mucuna
[Mucuna pruriens (L.) DC.] rotation} in the context of mixed
farming systems in semi-arid Zimbabwe (Homann-Kee Tui
et al., 2015); (e) preparing a payment for environmental
services schemes in the Andes identifying watersheds bio-
physically critical areas and compare services for current
land uses under changing scenarios (Quintero, Wunder, &
Estrada, 2009); and (f) restoring degraded land in Latin
America through, for instance, the WRI 20 × 20 Initiative
(https://www.wri.org/our-work/project/initiative-20%20%EF
%82%B4%2020) also requires ex-ante impact assessment
(Vergara et al., 2016).
2.3 Key topics
Socioeconomic pressures, such as population growth, changes
in income, changes in preferences for food, market access,
availability, and access to technology and development,
clearly affect crop production and productivity. How these
current and projected trends in socioeconomic factors will
affect agricultural productivity and food security remains
unclear and is being widely studied by different research
groups within the CGIAR centers using a combination of
tools and methodologies. For example, Petsakos et al. (2019),
in a joint study by multiple CGIAR centers, examine how
climate and socioeconomic changes could affect root, tuber,
and banana (RT&B) crops by 2050. Based on the analysis
by Rosegrant et al. (2017), the authors conclude that the diet
contribution of RT&Bs in terms of calorie intake is likely to
increase in developing countries in the future. Petsakos et al.
(2019) also argue that targeted investments on productivity
improvements can further strengthen the role of RT&Bs in
global food systems.
Forecasting of plausible and probable upcoming events
is a crucial step to avoid or reduce the magnitude of future
problems, thus enabling better decision making on strategic
issues. A good way of examining potential future scenarios is
by using agronomic and socioeconomic modeling approaches
(Reynolds et al., 2018; Rosegrant et al., 2017). Modeling
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socioeconomic factors may help provide information for
supporting decisions and policies that are beyond the infor-
mation available only from crop models. This is because, for
example, socioeconomic modeling considers the suitability
of technologies to different contexts and goes beyond the field
or laboratory where technologies were initially innovated
and tested.
The key topics addressed by CGIAR economic models,
ranging from global integrated assessment models to socioe-
conomic and bio-economic models at the farm scale, that are
informed by crop models depend in part on the scope and
purpose. They include economic aspects of climate change
and weather variability (including extreme weather events),
new and emerging pests and diseases, besides the longstand-
ing analysis of how different farm management practices and
genotype affect crop productivity and farm income (Archon-
toulis et al., 2020; Cooper et al., 2020; Hammer et al., 2020).
Climate change is a key topic for which foresight modeling
that combines economic and crop growth models is especially
suitable. Crop models, such as Decision Support System
for Agrotechnology Transfer (DSSAT) (Hoogenboom et al.,
2019; Jones et al., 2003), ORYZA (Li et al., 2017), and Agri-
cultural Production Systems Simulator (APSIM) (Holzworth
et al., 2014) are able to calculate likely productivity outcomes
under a variety of climate scenarios (Hammer et al., 2020).
The impact in the use of new technologies and agronomic
practices for adapting to climate change has been widely eval-
uated among CGIAR centers as a decision support tool (Li,
Angeles, Radanielson, Marcaida, & Manalo, 2015a; Li et al.,
2015b). Different research groups have evaluated the ex-ante
economic benefits of developing and disseminating drought-
tolerant crops under different climate scenarios. Some exam-
ples include the evaluation of the development of drought-
tolerant crops such as rice in SouthAsia (Mottaleb et al., 2012,
2017), bean varieties on the Latin America and the Caribbean
region and Africa (Álvarez et al., 2016), sorghum in target
countries of Asia and Africa (Nedumaran, Bantilan, et al.,
2014) and maize in Africa (La Rovere et al., 2014; Setimela
et al., 2018; Steward, Thierfelder, Dougill, & Ligowe, 2019).
All the analyses show that the development and adoption of
new drought-tolerant crop varieties would help to increase
crop production and reduce consumer prices, outweighing
the research investment needed to develop a new variety
(Evenson & Gollin, 2003; Raitzer & Kelley, 2008; Renkow &
Byerlee, 2010). The high returns to investment in wheat are
well-documented (Lantican et al., 2016). Some studies also
suggest combining this varietal replacement with changing
crop water and fertilizer management (Komarek et al., 2017;
La Rovere et al., 2014) or rotations (Yigezu et al., 2019).
Moreover, there is research focusing on the effect of cli-
mate change on crop commodity quality. For example, inves-
tigating how carbon dioxide (CO2) affects global nutrition
via effects on agricultural productivity and nutrient content
of food crops, Beach et al. (2019) found that the effect of
increasing CO2 concentrations will slow progress in decreas-
ing global nutrient deficiencies.
3 DATA AND TOOLS USED
An array of tools are used within the CGIAR to do the types of
analyses discussed above. These tools range from simple trend
analysis to complex dynamic integrated assessment model-
ing using a variety of interlinked process-based models. In
trend analysis, the main focus is to forecast the most likely
outcome extrapolating from historical data. This strategy is
losing its applicability because of its limitations, as it offers a
rather simplified vision and ignores the nonlinearities inher-
ently present in complex systems (Tilman, Balzer, Hill, &
Befort, 2011).
The economic models we discuss here are more compli-
cated than simple trend analysis, although some do make use
of trend analysis as part of model parametrization procedures.
Before we discuss some of the models and model types in
more detail, we need to clarify that many models are fit for
specific purposes and also for specific temporal and spatial
scales. The temporal scales are related to the time frames
mentioned earlier when discussing the difference between
foresight and ex-ante impact assessment. The spatial scales
range from the basic socioeconomic unit of a farm enterprise
through all the intermediate levels to the global level.
Special attention needs to be placed on spatial scales. Very
often with bio-economicmodels and interlinked process mod-
els from different scientific domains, models are combined
that may not be completely compatible in terms of their scales.
While this is not necessarily a major problem, it is important
to assess the consequences of using models that are optimized
for different scales. We recognize that this assessment of
scale difference between biophysical and socioeconomic is
often missing.
3.1 Models
In our brief model discussion, we start with the integrated
assessment models. These include the IFPRI–led IMPACT
model and other integrated assessment models at the global
level. These models make use of crop modeling results for
future scenarios.
3.1.1 IMPACT model
The IMPACT is a global partial equilibrium model that
was first developed in the early 1990s to consider the long-
term challenges facing policymakers in reducing hunger and
poverty in a sustainable fashion. The IMPACT model has
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F IGURE 1 Modeling system for estimation of impacts of agricultural technologies. FPU, food production unit; IMPACT, International Model
for Policy Analysis of Agricultural Commodities and Trade; SPAM, spatial production allocation model. Source: Rosegrant et al. (2014).
been expanded and improved repeatedly to respond to increas-
ingly complex policy questions and state-of-the-art modeling
(Robinson et al., 2015). The current version of IMPACT is a
suite of models including a multimarket economic model; a
gridded crop model, the DSSAT; climate models; and a water
model. The IMPACT model can calculate the direct effects
of and indirect interaction effects of agricultural productivity
change under different economic, climatic, and demographic
scenarios. The partial equilibrium effects capture the inter-
actions between different commodities in terms of supply,
demand and trade, and market clearing prices. Figure 1 illus-
trates an example of how new technology or management
practices can be simulated with IMPACT.
Figure 1 illustrates the relationship between scenario
assumptions, technical coefficients related to crop production
that are used in crop growthmodels, andmodel outputs.While
crop production is calculated at a gridded level, the overall
outcomes are presented at a higher level of aggregation, the
food production unit, and there are 320 food production units
in the current version of IMPACT.
The IMPACTmodel has been used for policy analysis with
respect to many commodity systems including but not limited
to oil palm (Wiebe et al., 2019), fish (Chan et al., 2019), live-
stock products (Enahoro et al., 2019), rice (Pradesha et al.,
2019), and roots and tubers (Petsakos et al., 2019), to name
a few recent studies. IMPACT model results have been used
to inform policy decisions in, for instance, the Philippines
(Rosegrant & Sombilla, 2018).
3.1.2 Crop-specific global models
Other global models have been developed focusing on a spe-
cific crop such as the International Rice Research Institute
Global Rice Model (IGRM) and the ORYZA model. The
IGRM is a multicountry partial equilibriummodel, which can
be used for rice-related policy and technology foresight anal-
ysis (Hoang & Meyers, 2015; Mottaleb et al., 2017; Seck,
Diagne,Mohanty, &Wopereis, 2012). Figure 2 illustrates how
the IGRM works.
3.1.3 Economy-wide models at national level
Another group of models is the economy-wide models
at national level. Capturing general equilibrium effects of
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F IGURE 2 Structure of IRRI Global Rice Model. Source: Hoang and Meyers (2015), Mottaleb et al. (2017).
technology change as predicted by the IMPACT model or
assumed using expert opinion may have general equilibrium
effects. Computable general equilibrium (CGE) models con-
sider the interactions between agriculture and other economic
sectors are affecting the supply, demand, and price forma-
tion of crops. An example is Mason-D’Croz et al. (2019) who
linked IMPACTwith a CGEmodel (GLOBE) to examine how
increased investment in agricultural research, resource man-
agement, and infrastructure can help developments in agricul-
tural production systems, offset the adverse effects of climate
change, and improve food security and hunger in Africa by
2030.Mason-D’Croz et al. (2019) found that increased invest-
ments, US$15 billion yr−1 between 2015 and 2030, may boost
crop and livestock productivity by 50% in Africa vs. 2010
productivity levels. As a result, food prices will decline and
household incomes will increase; therefore, the large share
and number of hungry people in Africa could decline by 2030
under increased investment.
Several other studies also used CGE models to study the
general equilibrium effect of maize and wheat technology
change in different settings. For instance, using a dynamic
CGE model along with a microsimulation model, impacts of
promising maize and wheat varieties are evaluated on future
food security and poverty and economic performance by
Sahoo, Shiferaw, and Gbegbelegbe (2016) in Kenya, Beyene,
Shiferaw, Sahoo, and Gbegbelegbe (2016) in Ethiopia, and
Ghosh, Shiferaw, Sahoo, and Gbegbelegbe (2016) in India.
All of these studies found positive impacts of introducing
promising wheat and maize technologies on the respec-
tive country’s gross domestic product growth and poverty
reduction. Lastly, Komarek, Thurlow, et al. (2019) simulated
the effects of climate-smart agriculture (CSA) in Ethiopia
linking a crop model with a CGE model. The authors found
that CSA is more effective than doubling fertilizer use on
the same area. Adopting CSA in Ethiopia, the national gross
domestic product could increase by US$33 million and,
importantly, it could assist >75,000 people out of poverty.
Therefore, to capture general equilibrium effects of technol-
ogy change, as predicted by partial equilibrium economic
models such as the IMPACT or assumed using expert opinion,
integrating partial and general equilibrium models is crucial.
3.1.4 DREAM
In 1995, IFPRI researchers developed DREAM (Dynamic
Research EvaluAtion forManagement), a software to evaluate
agricultural research and development projects based on an
economic surplus partial equilibrium model. Over the years,
this menu-driven software package has been widely used in
the evaluation and priority setting of agricultural projects
(https://www.ifpri.org/publication/dreampy-evaluation-and-
priority-setting-agricultural-research-and-development-proj
ects). Being a partial equilibrium model, a feature of
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DREAM is its ability to capture the output price effect of
technology adoption, which is often missing in farm-scale
models that assume farmers are price takers. Several studies
used DREAM to assess technology adoption. For example,
Shiferaw, Kebede, and You (2008) evaluated the adoption
and impact of disease-resistant pigeonpea (Cajanus cajan
L. Huth) varieties that were developed and disseminated in
Tanzania. Komarek, Koo, Wood-Sichra, and You (2018) used
DREAM to examine the effects of adopting improved maize
seed cultivars and increasing mineral fertilizer application
rates in Tanzania. The authors found that maize farmers’
benefits could be US$697 million over five years with a 39%
adoption rate.
3.1.5 TOA-MD
The Tradeoff Analysis Model for Multidimensional Impact
Assessment (TOA-MD) is a generic model for adaptation
strategies related to technology adoption; impact assessment
of, for instance, climate change; and ecosystem services anal-
ysis. The TOA-MDmodel simulates technology adoption and
its impact in a population of heterogeneous farms (Antle,
2011; Stoorvogel & Antle, 2001). The TOA-MD model has
been employed within the CGIAR to analyze the trade-offs
at local scale related to potential new technologies (Claessens
et al., 2012; Homann-Kee Tui et al., 2015).
3.1.6 Farm household-level bio-economic
models
To capture the effects of productivity change and changes
in input requirements of different technologies, partial bud-
get analysis is commonly conducted to show the cost–benefit
ratio of a technology package. The foresight team at CIM-
MYT advocates the use of an expanded version of par-
tial budget analysis. The expanded partial budget analysis
looks at the intrinsic risk of different technology packages
instead of just the average case. Using subjective time prefer-
ences, the approach calculates howwell new technology pack-
ages fit into risk management strategies of farm households
(Tesfaye et al., 2018).
Farm household-level bio-economic modeling often com-
bines information from biophysical process models with
socioeconomic models that capture farm household decision
making including goals and aspirations, risk management,
and preferences. This is a powerful tool for ex-ante impact
assessment of pipeline technologies that can readily capture
climate change and weather variability scenarios to see how
pipeline technologies fit into present and future farming sys-
tems and livelihood strategies.
Within this domain there are two strands of work. The first
is focused on farming systems research and its link with liveli-
hood strategies, and much of this research within the CGIAR
is led by the scientists in the Sustainable Intensification
Program at CIMMYT. The second is bio-economic household
modeling focused on household decision making processes
(Kruseman & Bade, 1998; Kruseman, 2000, 2007) and lead
by a range of researchers throughout the CGIAR; this includes
the Dynamic Agricultural Household Bio-economic Simula-
tor (DAHBSIM) model (Komarek et al., 2017) and earlier
work both within the CGIAR and with partners linked to the
CGIAR (Reynolds et al., 2018). Both approaches have syn-
ergies with each other and only differ in where the primary
focus is. A specific strand of modeling relevant in this setting
is agent-based modeling (Berger et al., 2017).
Especially for bio-economic models and partial budget
analysis models, they are used for very specific purposes
and geographies, and therefore do not have specific dedicated
model names. Models from different domains are often soft
coupled, this includes passing yield simulations from DSSAT
to DREAM or IMPACT or other purpose-built models.
3.2 Data sources
Different models have different data sources. The integrated
assessment models use aggregate open-source data such as
those available from FAO’s FAOstat and the World Bank
Indicators, amongst others. Important sources of data are the
results taken from various climatemodels and the Shared Eco-
nomic Pathway scenarios that are widely used as benchmarks
for future developments (Riahi et al., 2017).
Many farm household-level and landscape or community-
level models make use of farm household surveys to calibrate,
evaluate, and validate the model parameters and outputs.
The data sources can be both primary data collected by the
research teams or secondary household data. TheWorld Bank
LSMS-ISA datasets (http://surveys.worldbank.org/lsms/
programs/integrated-surveys-agriculture-ISA) and the data
available through Africa Rising (https://africa-rising.net/) are
examples of widely used secondary farm household data.
The crop models used in the bio-economic modeling
frameworks depend critically on the advancement of crop
science; the CGIAR centers have a demonstrated record of
significant contributions. These models also use a variety
of climate model outputs as model parameters to simulate
productivity under climate change and weather variability.
The higher aggregation-level models often require grid-
ded information about cropping patterns. Using a variety
of inputs, the Spatial Production Allocation Model (SPAM,
http://mapspam.info/) uses a cross-entropy approach to make
plausible estimates of crop distribution within disaggregated
units. Moving the data from coarser units, such as countries
and subnational provinces, to finer units, such as grid cells,
reveals spatial patterns of crop performance, creating a global
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gridscape at the confluence between geography and agricul-
tural production systems.
4 COLLABORATION,
OPPORTUNITIES, AND NEXT STEPS
As mentioned before, the GFSF project is an excellent plat-
form of CGIAR research centers that focuses on evaluating
promising technologies, investments, and policy reforms with
various quantitative methods for strategic foresight to inform
policy decisions (http://globalfutures.cgiar.org/). Since link-
ing cropmodeling and economicmodeling is complicated and
requires an interdisciplinary approach, more impact can be
achieved through such collaboration than through the sum of
individual modeling activities. Another example of effective
collaboration is the CGIAR Platform for Big Data in Agri-
culture (https://bigdata.cgiar.org/) hosting two relevant com-
munities of practice in the context of the current review: one
on crop modeling and one on socioeconomic data. The com-
munity of practice on socioeconomic data supports increasing
availability of interoperable data sets at farm household level
based on surveys (Van Wijk et al., 2019).
There are significant benefits of modeling collaboration.
For instance, keep updating the bio-economic household
models to ensure that they fit into the changing farming
systems and livelihood strategies and making them accessi-
ble so that the models can readily be applicable for assess-
ing pipeline technologies. This includes combining efforts of
economists and agronomists regarding farming systems and
bio-economic modeling at the household, community, and
landscape levels. As far as we are aware, within the CGIAR
there is capacity for household-level bio-economic modeling
in order to assess pipeline technologies in terms of how they
fit into farming systems and livelihood strategies at different
centers. ICRISAT, for example, continues using the calibrated
and validated models to evaluate the competitiveness of alter-
native productivity enhancing technologies and management
practices and the socioeconomic processes that can facilitate
sustainable intensification of mixed crop–livestock systems
particularly in semi-arid environments. At CIMMYT, the Far-
mDesign model developed byWageningen University (Groot,
Oomen, & Rossing, 2012), which is deployed by researchers
to analyse the potential impacts of new technology packages
linked to farm typologies (Ditzler et al., 2018, 2019; Estrada
Carmona, 2019). Both ICARDA and CIMMYT are currently
engaged in research projects related to using bio-economic
household models.
Across the different CGIAR centers, there is a clear will-
ingness for continued deployment of the IMPACT model,
while there is also an interest to actively pursue collaboration
with other advanced research institutes and academia regard-
ing alternate integrated assessment models, for example,
through Agricultural Model Intercomparison and Improve-
ment Project (AgMIP) (https://agmip.org/). Various cen-
ters foster interdisciplinary approaches. At CIMMYT, for
instance, crop modelers and economists are working in a
dedicated team on ex-ante impact assessment. To foster the
link between the structural models’ outcomes with the crop
improvement programs to better target the technologies to
achieve greater impacts, ICRISAT encourages more multi-
disciplinary collaboration among modelers, crop physiolo-
gists, and key stakeholders. These efforts offer clear oppor-
tunities to build up cross-discipline collaborations and exper-
iment with soft and hard coupling of different tools and
methods. Bringing together modelers, economists and peo-
ple from other disciplines and across organizations to work
synergistically offers an opportunity to leverage diversity of
thought and skills to accelerate progress. However, partic-
ipatory approaches have not always been incorporated into
the economic simulation models. Moreover, many of the
higher aggregation levels models have difficulty capturing
key components of the economy such as the labor market.
Market imperfections are usually not represented adequately.
Labor demand for specific technologies or practices, while a
major issue for sustainable development is difficult to address
because of poor data, among others, inadequate data on quan-
tity of labor used in crop production, price of labor, and gender
disaggregation.
Modeling the risk of new and emerging pests and diseases
on production, productivity, and food security is an important
topic that is getting more attention (Duku, Sparks, & Zwart,
2016; Mottaleb, Loladze, Sonder, Kruseman, & San Vicente,
2019; Mottaleb et al., 2018; Yigezu et al., 2010; Yigezu &
Sanders, 2012). However, for most crops, there is a lack of
integrated crop–pest models or even data on the effect of
pests and diseases on yields to calibrate and evaluate models.
Therefore, the impact of pests and diseases on crop production
cannot be easily quantified with current modeling capacities.
It is crucial to bring together pathologists, entomologists,
and agronomists to understand and model the interrelation
between the pest and disease lifecycle and the growth of
its host plant. This effort could be based on the integrated
crop–pest model for rice (Duku et al., 2016). Coupling
two spatial models, EPIRICE and RICEPEST, the authors
quantified the rice yield losses from two important diseases
(leaf blast and bacterial leaf blight) under a changing climate
in Tanzania. Linking the integrated crop–pest disease models
with the economic models will provide foresight of emerging
pests and diseases and its impact on crop production. There-
fore, policymakers can take necessary actions to avoid such
future uncertainties.
There is an opportunity to take advantage of a new data
paradigm in traditionally data-poor regions. This ranges from
georeferenced household surveys to remotely sensed satellite
imagery and scenario modeling analyses. Better data allows
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CGIAR centers to better bridge the divide between research
output and policy guidance and decision making. Finding
alternatives to costly and time-consuming household surveys
can enhance the use of bio-economic models especially at
lower aggregation levels. Through the communities of prac-
tice of the CGIAR Platform for Big Data in Agriculture,
efforts are underway to enhance data findability, accessibil-
ity, and interoperability to enhance the reuse of data, essential
for the type of modeling discussed in this review. Some of
this work is done in close collaboration with the Excellence
in Breeding Platform of the CGIAR ensuring more synergies.
5 CONCLUDING REMARKS
The combination of crop modeling and economic modeling
offers scope and opportunity for both foresight analysis and
ex-ante impact assessment. For complex dynamic agri-food
systems, various models provide insights into key parts of
the system under various scenarios. Bio-economic models
are used for exploratory studies to understand the potential
impacts of drivers, for instance climate change and alternative
crop management practices. The information can be used
for priority setting within international agricultural research,
for a better understanding of agricultural households, and
agri-food systems outcomes under changing circumstances
and uncertain conditions. This can be used for policy advice
and decision support for various stakeholders. The increasing
availability of interoperable data sets at farm household level
based on surveys offers scope to use existing tools with
these data sets in combination of more readily available crop
modeling results.
The value of crop model outputs, and underpinning crop
science knowledge and data, is greatly enhanced by adding
the socioeconomic context irrespective of the scale at which
this occurs. As our study highlights, there is a clear dis-
tinction between foresight and ex-ante impact assessment
even though the terms are often used interchangeably in the
literature. Amongst the wide variety of topics that can be
addressed with bio-economic modeling approaches, climate
change is arguably the most noteworthy. Bio-economic mod-
eling approaches tackle complex challenges and hence can
benefit tremendously from interdisciplinary and interinstitu-
tional collaboration.
The possibility of smart phones for getting GPS coor-
dinates and the feasibility of using Google Maps to locate
villages, obtain their GPS coordinates, and linking them to
global soil and historical weather data are now advantages
that bio-economic modeling work can use. We can now use
this information for various purpose, for example, yield gap
analysis using data that was collected a few years ago that did
not contain weather and soil data that is now available. We
are in the middle of a data revolution, with new data sources
coming available regularly, the use of new data sources,
and new techniques to enhance data operability offer scope
for using existing models in new and exciting ways. This
includes but is not limited to reusing models in new locations,
on larger sets of information, and allowing the results to
be analyzed with big data analytics tools. Enhanced data
interoperability also allows multiple models to be used on
the same data set.
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